A number of studies have shown an abnormal connectivity of certain white matter pathways in developmental dyslexia, as well as correlations between these white matter pathways and behavioral deficits. However, whether developmental dyslexia presents broader white matter network connectivity disruption is currently unknown. The present study reconstructed white matter networks for 26 dyslexic children (11.61 AE 1.31 years) and 31 age-matched controls (11.49 AE 1.36 years) using constrained spherical deconvolution tractography. Network-based statistics (NBS) analysis was performed to identify network connectivity deficits in dyslexic individuals. Network topological features were measured based on graph theory to examine whether these parameters correlate with literacy skills, and whether they explain additional variance over previously established white matter connectivity abnormalities in dyslexic children.
activity across distributed brain regions (Brambati et al., 2006; Cohen et al., 2000; Cohen & Dehaene, 2004; Dehaene & Cohen, 2011; Paulesu, Danelli, & Berlingeri, 2014; Price & Devlin, 2011; Shaywitz et al., 2002) as well as abnormal functional connectivity among readingrelated brain regions (Boets et al., 2013; Horwithz, Rumsey, & Donohue, 1998; Paulesu et al., 1996; Pugh et al., 2000; Schurz et al., 2015; Zhou, Xia, Bi, & Shu, 2015) .
Functional connectivity deficits found in dyslexia may result from white matter connectivity alterations, as white matter fiber bundles connect distant brain regions and ensure long-range connections between brain regions. Diffusion tensor imaging (DTI) provides a noninvasive way to measure the connectivity of white matter fiber tracts by calculating the diffusion tensor within each voxel to estimate orientations and integrity of white matter fibers (Basser, 1995; Basser, Mattiello, & Lebihan, 1994) . White matter integrity has been found to be decreased in various white matter structures in dyslexia compared with typically developing controls (Deutsch et al., 2005; Klingberg et al., 2000; Niogi & McCandliss, 2006; Richards et al., 2008; Rimrodt et al., 2009; Steinbrink et al., 2008) , especially in the left arcuate fasciculus, a fiber pathways connecting Broca's area and Wernicke's area (Catani & Thiebaut de Schotten, 2008; Vandermosten, Boets, Poelmans, et al., 2012; Zhao, Thiebaut de Schotten, Altarelli, Dubois, & Ramus, 2016) .
While previous studies have performed whole-brain analysis (e.g., TBSS) to identify local differences in white matter connectivity in dyslexia since last decades, whole-brain network analysis methods (e.g., network-based statistic [NBS] and graph theory analysis) have only been used to examine local and global network deficits in dyslexia recently. These included one study with functional connectivity network analysis (Finn et al., 2014) and two studies with gray matter network analysis (Hosseini et al., 2013; Qi et al., 2016) . Finn et al. reported an altered local visual network in dyslexia using wholebrain functional network analysis method (NBS), suggesting that dyslexia may result from reduced functional synchronization among occipital regions (Finn et al., 2014) . Whole-brain gray matter network analyses found altered network properties in cortical thickness and surface area in dyslexia (Qi et al., 2016) and in children with familial risk of dyslexia (Hosseini et al., 2013) using graph theory analysis method.
However, no study has examined white matter network deficits in dyslexia. It remains unknown whether anomalies in white matter connectivity might be reflected at a global network level.
The purpose of the present study was to evaluate whether developmental dyslexia has anatomic connectivity deficits at the whole-brain network level by using white matter network analysis methods (NBS and graph theory analysis). Network analysis expands analysis of white matter connectivity from investigations of specific pathways to an entire connectome analysis. By mapping the brain as a network composed of nodes and edges, network-based analysis methods have been successfully used to quantify the connectivity of brain networks in clinical populations with neurological and psychiatric disorders such as autism (Roine et al., 2015) , major depressive disorder (Korgaonkar, Fornito, Williams, & Grieve, 2014) , preterm born infants and children (Ball et al., 2014; Batalle et al., 2017) , and Alzheimer's disease (Reijmer et al., 2013; Wang et al., 2015) [for a review see Sporns, 2014] .
The specific aims of the present study are threefold: (1) to evaluate whether there are white matter network connection deficits in developmental dyslexia using network-based statistic; (2) to explore whether there are deficits in the network topological properties of white matter networks in dyslexia by graph theory analysis; and (3) to examine whether there is a correlation between the topological properties and the severity of reading disability in dyslexia, and whether those topological parameters might explain additional behavioral variance in literacy skills over and above already established white matter pathway disruptions in dyslexia.
| METHODS AND MATERIALS

| Participants
Fifty-seven children were enrolled into the study. Twenty-six children were dyslexic (11.61 AE 1.31 years) and the other 31 children were typical readers (11.49 AE 1.36 years). The age of children ranged from 109 to 169 months (9 to 14 years). All children were French native speakers with normal vision and hearing abilities, and their nonverbal IQ were all higher than 80. Dyslexic children were all severe dyslexic participants diagnosed at a clinic for reading and language disabilities, had no history of brain damage, and were screened for ADHD using the appropriate subscale of the Child behavior checklist (Achenbach, 2001 ). Text reading age [based on accuracy and speed of the Alouette test (Lefavrais, 1967) ] was delayed by at least 18 months for dyslexic children and no more than 12 months for controls. Age, sex, handedness, maternal educational level, and nonverbal IQ were matched across groups. We used the 18-month delay criterion to make sure that these dyslexic children were all very poor readers at the time of scanning. Informed written consent was obtained from all children and their parents, and the study was approved by the ethics committee of Bicêtre Hospital, France. A previous analysis of certain white matter pathways in these participants has been published, and no difference in head motion parameters was found between dyslexics and controls (Zhao et al., 2016) .
| Behavioral measures
Intellectual abilities were tested using the WISC blocks, matrices, similarities, and comprehension subtests (Wechsler, 2005) . The Alouette test (Lefavrais, 1967) , which assessed reading accuracy and speed using a meaningless text, and a word/nonword reading fluency test from Odedys (Jacquier-Roux, Valdois, & Zorman, 2005) were administered to estimate children's reading ability. Orthographic skill was estimated by a word spelling-to-dictation test (Martinet & Valdois, 1999) . A phoneme deletion task (Sprenger-Charolles, Béchennec, Colé, & Kipffer-Piquard, 2005 ), a spoonerism test (Bosse & Valdois, 2009) , and the WISC digit span subtest assessing verbal working memory (Wechsler, 2005) were administered to measure phonological skills. The rapid automatized naming (RAN) tasks for digits and objects (Plaza & Robert-Jahier, 2006) were administered to assess rapid lexical retrieval. Parental education was based on the highest diploma obtained and was coded on a scale ranging from 1 to 6. Based on a previous factor analysis of the same set of variables in a larger population from which this sample was drawn (Saksida et al., 2016) , behavioral measurements were collapsed into three factors: literacy skill (average z-score of word reading accuracy and word spelling accuracy), phonological ability (average z-score of phoneme deletion, spoonerism, and digit span), and rapid automatic naming (average z-score of objects rapid automatic naming and digits rapid automatic naming).
| Imaging acquisition
All children were familiarized with the scanner environment in a mock MRI setup and then underwent scanning with a 3T MRI system (Tim 
| Image analysis
All the steps for image analysis, except for atlas registration, were performed using ExploreDTI (http://www.exploredti.com, see Leemans, Jeurissen, Sijbers, & Jones, 2009) . For each of the 57 children, volumes from the three scans were first concatenated into a single 4D image set.
Coregistration and eddy current correction were applied on the resultant 4D images to correct for subject motion and geometric distortions.
Next, the b0 images of each participant were exported from each DW data set. To optimize the quality of the registration results, the voxel size of the b0 image was resampled from 1.7 × 1.7 × 1.7 mm 3 to 1 × 1 × 1 mm 3 matching the voxel size of the Automated Anatomical Labeling (AAL) template (Tzourio-Mazoyer et al., 2002) . Constrained spherical deconvolution (CSD) was used to estimate multiple fiber orientations with whole-brain tractography conducted in native space (Tournier, Calamante, & Connelly, 2007) . Fibers were reconstructed by starting seed samples uniformly throughout the data at 1.7 mm isotropic resolution and by following the main diffusion direction (as defined by the principal eigenvector) until the fiber tract made a high angular turn considered to be anatomically unlikely (angle <35 ). The step size was set at 0.5 mm. The fiber length range was between 25 mm and 500 mm (Zhao et al., 2016 Edges were defined as the white matter fibers connecting each pair of nodes, representing white matter pathways between two gray matter regions. In a weighted network, each edge is valued to represent a connection property between two nodes. Number-ofstreamlines weighted and density-weighted networks were both constructed in the present study. The value of edges in the number-ofstreamlines weighted network was equal to the total number of streamlines between the two nodes connected by the edge. The value of edges in the density-weighted network was calculated by dividing the total number of streamlines between two nodes by the total surface area of the two nodes. Figure 1 illustrates the application of the AAL template to each brain, the whole-brain constrained spherical deconvolution tractography, and the edges and nodes identified in the density-weighted white matter network.
| Network-based statistic analysis
Network-based statistic (NBS) analysis is a statistical approach used to identify group differences in network organization (Zalesky, Fornito, & Bullmore, 2010) . NBS was applied to both the number-of-streamlines and density weighted networks. First, group differences in each connection (streamline number or density) were examined based on a one-tail t test with contrast setting as "[−1, 1]" to examine, if there are subnetworks with lower connectivity in the dyslexic group than the control group. Following the trial and error progress in NBS, a series of alpha value was used to construct a set of suprathreshold links. Components were defined as sets of interconnected suprathreshold links, identified using a breadth first search (Ahuja, Magnanti, & Orlin, 1993) and characterized by their size, that is, the number of links they contained.
To ascribe a p value controlled for the family-wise error ( 
| Graph theory analysis
To investigate topological properties of white matter networks, a set of thresholds were set to avoid false positive connections and keep the number of edges equal among all participants, to eliminate confounding factors such as different number of edges and connected nodes which may induce spurious group differences (Drakesmith et al., 2015; Meunier, Achard, Morcom, & Bullmore, 2009; van den Heuvel et al., 2009 ). The set of thresholds ranged from 10% to 30% with a step size of 1%, preserving the strongest connections (Korgaonkar et al., 2014) . This range of thresholds is usually used to obtain a network with small-world properties (Korgaonkar et al., 2014; Zhang et al., 2011) . We tested small-worldness at each threshold value, using the following approach (Humphries & Gurney, 2008) :
where C and C rand are the clustering coefficient (see definition below), and L and L rand are the characteristic path length of the target network and of a random network.
where d ij is the shortest-path length between node i and j. A network is said to be small-world when small-worldness parameter S > 1. For each threshold between 10% and 30%, we computed the S value of networks across thresholds from 10% to 30% to check whether our data met that property. One sample t tests were applied to examine whether the S value was significantly higher than 1 across all thresholds. Results were corrected for multiple tests with Bonferroni correction.
Subsequent analyses were then carried out only at those thresholds in accordance with small-worldness. Six parameters (clustering coefficient, local efficiency, global efficiency, transitivity, betweenness centrality, strength) were chosen to evaluate group differences in topological properties, based on both number-of-streamlines weighted and density-weighted networks. All parameters were extracted using Brain Connectome Toolbox (Rubinov & Sporns, 2010, https://sites.google.com/site/bctnet/). Clustering coefficient (CC) measures the prevalence of clustered connectivity around each node (Watts & Strogatz, 1998) . Higher average CC in the whole network indicates that there are more clusters, with all nodes more densely connected with each other.
where t i is the number of triangles around node i, and k i is the degree of a node i (the number of nodes directly connected with node i).
Efficiency has been widely used in complex network analysis to evaluate parallel information processing (Latora & Marchiori, 2001 ).
Specifically, local efficiency (LE) is the average efficiency of local subgraphs formed by the neighborhood of a node, representing the fault tolerant capacity of the network when a random node lesion occurs (Latora & Marchiori, 2001) .
where a ij is the value of connection between node i and j. Global efficiency (GE) measures the information transferring ability of whole FIGURE 1 Workflow of method for constructing a whole-brain white matter network: The b0 image was exported from DW data set and then resampled to 1 × 1 × 1 mm 3 (a); the automated anatomical labeling (AAL) template (b) in standard space was registered into the b0 images of each participant in native space (c); whole-brain tractography (d) was conducted using constrained spherical deconvolution (CSD) algorithm and coregistered to the AAL template in native space generating a density weighted connection matrix between the 90 AAL cortical regions (e) which represents a whole-brain white matter network (f ) brain evaluated by previously established procedures (Latora & Marchiori, 2001) .
Transitivity (T) is a variant of the clustering coefficient that is computed on a global level rather than averaging the value of each node, ensuring resilience by disproportionately weighing low-degree nodes.
Betweenness centrality (BC) is the fraction of all shortest paths in the network that contain a given node.
where ρ hj (i) is the number of shortest path lengths between node h and j that pass through node i. Strength (S) is the average of all nodes' strength S i , the number of links connected to the node i.
| Statistical analysis of graph theory measures
To investigate group differences of network topological properties (CC, LE, GE, T, BC, S), a multivariate analysis of covariance (MANCOVA) was performed with group (control vs. dyslexic) as a between-subject variable, and age, gender and parental education as covariates. CC, LE, GE, T, BC and S across all thresholds following small-worldness were entered into the model as dependent variables for number-of-streamline and density weighted network, separately. Correction for multiple tests (6 network topological properties × 2 weighting methods) used the False Discovery Rate (FDR) correction (Benjamini & Hochberg, 1995) . Tests of partial correlations between network parameters and three behavioral composite measurements were then conducted within the dyslexic group, controlling for sex, age, parental education and mean global FA, using FDR to correct for multiple comparisons.
Network topological parameters which were significantly correlated with behavioral measurements were then entered in hierarchical multiple regression analyses to examine their additional value to predict reading dysfunction in developmental dyslexia, beyond that of previously identified white matter tract integrity measures which have been found to correlate with literacy skills using the same sample (Zhao et al., 2016) . The behavioral measurements were the dependent 3 | RESULTS
| Demographic and behavioral measures
Descriptive statistics for demographic and behavioral measures for the dyslexic and control groups are shown in Table 1 . Age, gender, handedness, nonverbal IQ and maternal education did not differ between groups. Literacy, phonological abilities, and rapid naming speed were significantly lower in the dyslexic than in the control group. Dyslexic children also had lower verbal IQ scores than controls.
| Small-worldness properties
Small-worldness parameters (S) across thresholds from 10% to 30% in the density weighted network and in the number-of-streamline weighted network were all higher than one (Table 2) . However, only thresholds from 12% to 26% survived Bonferroni correction. 
| Network-based statistics
| Graph theory analysis
Results from the MANOVA showed that CC, LE, T, GE, BC, and S had no significant group differences between dyslexic and control group neither in number-of-streamline nor density weighted networks (ps > .1). Correlations between the mean value for each of the six network parameters across thresholds from 12% to 26% (threshold following small-worldness) and the three composite behavioral measurements in the dyslexic group are shown in Table 3 (r (26) = −.532, p = .0108) showed trend of negative correlation with phonological ability, but they did not survive FDR correction.
No significant group difference or network-behavior correlations
were found on the number-of-streamline weighted network.
| Added value of network parameters relative to white matter pathway
As the correlations between literacy skill and four network parameters in the density weighted network were significant, hierarchical multiple regression analyses with literacy skill as dependent variable were further performed. Regression analyses results are presented in Table 4 . & Tzourio-Mazoyer, 2003; Sandak, Mencl, Frost, & Pugh, 2004; Schlaggar & McCandliss, 2007; Vandermosten, Boets, Poelmans, et al., 2012; Zhao et al., 2016) . This disrupted network includes the two main pathways understood to underlie speech and reading processing (for reviews see Hickok & Poeppel, 2007; Vandermosten, Boets, Wouters, & Ghesquiere, 2012) . One is the dorsal pathway, which is centered on language-related regions including key regions for auditory processing and phonological processing including inferior frontal regions ( Table 2 . b White matter pathway markers that were significantly correlated with word reading/spelling accuracy from Zhao et al. (2016) were controlled and included in Model 2. c The difference in explained change of variance (ΔR 2 ) between the model and the previous model and the corresponding p value are given.
FIGURE 4
Correlations between literacy skills and four density-weighted network topological parameters (clustering coefficient, local efficiency, transitivity, and global efficiency) in dyslexic children studies that have reported abnormal function during word form recognition (Dehaene & Cohen, 2011; Price & Devlin, 2011) and atypical gray matter geometry in the occipital-temporal region in dyslexia (Altarelli et al., 2013; Richardson & Price, 2009 ). In summary, our NBS results revealed a deficit in a subnetwork, which included both dorsal and ventral connections in dyslexic children.
The second important finding is the correlation between whole brain network topological properties (CC, LE, GE, and T) and literacy skill. Network parameter alterations in the dyslexic group were related to behavioral measures of literacy. Thus, the white matter network topological properties we observed may represent neural correlates of reading ability.
Most previous studies in DTI have suggested correlations between literacy skills and white matter connectivity in specific white matter regions (Carter et al., 2009; Deutsch et al., 2005; Klingberg et al., 2000) or specific white matter pathways (Vandermosten, Boets, Poelmans, et al.,2012; Zhao et al., 2016) . In the present study, we found for the first time that disconnection of white matter is associated with literacy skills not only in specific white matter regions or pathways but also in whole-brain white matter network properties. According to graph theory, the four parameters can be categorized into two types: integration and segregation. GE is a measure of integration, describing the ability to rapidly communicate among distributed brain regions (Latora & Marchiori, 2001; Rubinov & Sporns, 2010) . associated with white matter volume and its development in left temporo-parietal regions (Darki, Peyrard-Janvid, Matsson, Kere, & Klingberg, 2012; Darki, Peyrard-Janvid, Matsson, Kere, & Klingberg, 2014) . DCDC2 and KIAA0319 were also reported to be highly expressed in the temporal and parietal regions (Meng et al., 2005) . It therefore indicates that atypical expression of the dyslexia susceptibility genes may lead to white matter disruption in the left temporoparietal region. Besides, studies have also revealed genes modulating brain connectivity between different brain regions. For example, a gene SLC2A3 which regulates neural glucose transport Maher, Vannucci, & Simpson, 1994; McCall, Van Bueren, Moholt-Siebert, Cherry, & Woodward, 1994) and phonological processing (Roeske et al., 2011) was related to FA of the arcuate fasciculus, a white matter fiber pathway linking Broca's area and Wernicke's area (Skeide et al., 2015) . ROBO1, a gene related to axon guidance receptor, was also shown to be related to reading behavior and connectivity (axonal diffusion) of the middle corpus callosum, white matter fiber pathway linking the left hemisphere and the right hemisphere (Sun et al., 2017) . In the present study, using NBS we have identified a subnetwork with less white matter streamlines in the dyslexic groups than in the control groups in distributed left temporoparietal region. The edges of our subnetwork included left arcuate fasciculus, which have been reported to be related to gene SLC2A3. The node of our subnetwork included supramarginal gyrus, which also overlapped with the left temporo-parietal region where Darki et al. found to be associated with dyslexia susceptibility genes (DYX1C1, DCDC2, KIAA0319). Therefore, we speculated that the group differences between dyslexics and controls found in the local temporo-parietal network may have genetic basis to SLC2A3 and DYX1C1, DCDC2, and KIAA0319, although these speculations might still require future examinations. In addition, we also expect that the more global network topological parameters might also have genetic origins with dyslexia susceptibility genes (DYX1C1, DCDC2, KIAA0319) and genes associated with phonological abilities and reading skills (e.g., SLC2A3 and ROBO1), as we found that the global network topological properties were associated with dyslexics' literacy skills. All these expectations should be tested systematically before making firm conclusions. Nevertheless, our results suggest future directions for investigating the genetic origins of white matter network organization and properties in developmental dyslexia.
It should be noted that the significant results from NBS analysis were for the number-of-streamline weighted network but the significant global network-behavior correlations were based on the density weighted network. This discrepancy between two different network analysis methods and two edge-weighted network may be due to
(1) the nature of the two different network analysis methods, and (2) the differences of the edge definitions of the two edge-weighted network. First, NBS and graph theoretical analysis are based on different statistical methods and reflect different network properties. NBS applied a set of t tests to examine group differences on every edge of the network. Any significant group difference on the subnetwork was based on the exact connectivity of the white matter pathways in the subnetwork. Therefore, NBS reflects local connectivity of the network. In contrast, graph theory analysis quantified the whole-brain topological structure of the white matter network, therefore reflecting more global and complex network properties than the simple connectivity of specific edges in the network. Second, the edges in the streamline weighted network and the density weighted network reflect different characteristics of the connectivity. The edge in the streamline weighted network is the exact number of streamlines between two brain regions, whereas the edge in the density weighted network divides streamline number by the total volume of two brain regions, which potentially normalizes the sizes and connections of brain regions. Therefore, the streamline weighted edges would be more sensitive to reflect the local differences in a subnetwork. Comparatively, density weighted edges would be more suitable for evaluating whole brain network properties, as at the global whole brain level, it is necessary to normalize the streamline number with brain volume to standardize each edge. To sum up, results on networks with streamline-weighted values in NBS and density-weighted values in graph theoretical analysis might reflect different types of white matter connectivity at local and global levels biased by streamline-weighted and density-weighted edge definitions. Our findings of group differences in streamline weighted local network by NBS indicate that the network-neuropathology of dyslexia might be more sensitive at the local level network structure, which is also consistent with previous studies (e.g., Finn et al., 2014; Qi et al., 2016) . Our results of brainbehavior correlations in dyslexia found by graph theoretical analysis in global density-weighted network seem to indicate that the global level network parameters might be more sensitive to account for the behavioral variations in dyslexia, which requires future validations of course.
It should also be acknowledged that although the network analysis procedure that we used in the present study for studying dyslexia was the widely used procedure for white network analysis, some drawbacks existed in the procedure. First, the AAL parcellation that we used for defining nodes was a standard practice in the field of network analysis. However, the AAL template is underpowered since gyral parcellation is not related to functional parcellation. Future studies might consider using functional parcellated template to define nodes for network analysis, which might help understand the readingspecific network deficits in dyslexia. Second, the core measurements from the current standard white matter network analysis procedure are number of streamlines, which are criticized as a measure of connectivity strength, but can be seen as a surrogate for connectivity strength measure. Future studies might explore other more transparent white matter connectivity measures such as anisotropy in the network analysis of dyslexia.
| CONCLUSIONS
This study was the first study identifying alterations of white matter connectivity in whole-brain connectome level. The findings demonstrate that white matter connections in a local left occipito-temporoparietal network are disrupted in developmental dyslexia. Furthermore, global white matter network properties generated based on graph theoretical analyses were correlated with literacy skills in dyslexia, and added to the prediction of literacy skills beyond the contributions of specific white matter tracts known from previous work to be related to developmental dyslexia. 
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